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Predicting acute renal failure after coronary bypass surgery: Acute renal failure (ARF) requiring dialysis develops
Cross-validation of two risk-stratification algorithms. in 1 to 5% of patients undergoing cardiac surgery and
Background. Acute renal failure (ARF) requiring dialysis is strongly correlated with mortality and other adverseafter coronary artery bypass grafting (CABG) occurs in 1 to 5%
outcomes after surgery [1, 2]. A method of accuratelyof patients and is independently associated with postoperative
identifying patients at significantly increased risk of ARFmortality, even after case-mix adjustment. A risk-stratification
algorithm that could reliably identify patients at increased risk preoperatively would allow more accurate quality com-
of ARF could help improve outcomes. parisons across institutions and could also make it possi-
Methods. To assess the validity and generalizability of a
ble to direct additional attention to high-risk patients.previously published preoperative renal risk-stratification algo-
The latter issue may be especially important if occultrithm, we analyzed data from the Quality Measurement and
Management Initiative (QMMI)1 patient cohort. The QMMI renal ischemia is a contributing factor to the develop-
includes all adult patients (N 5 9498) who underwent CABG ment of ARF, as we and others have hypothesized [3, 4].
at 1 of 12 academic tertiary care hospitals from August 1993 Since renal ischemia tends to be silent (in contrast toto October 1995. ARF requiring dialysis was the outcome of
many cases of cardiac, cerebral, and peripheral vascularinterest. Cross-validation of a recursive partitioning algorithm
ischemia), identifying asymptomatic patients at increaseddeveloped from the VA Continuous Improvement in Cardiac
Surgery Program (CICSP) was performed on the QMMI. An risk may lead to improved patient care.
additive severity score derived from logistic regression was also Several studies have been conducted over the last two
cross-validated on the QMMI.
decades that have identified risk factors for mortality andResults. The CICSP recursive partitioning algorithm dis-
major morbidity after coronary artery bypass graftingcriminated well (ARF vs. no ARF) in QMMI patients, even
though the QMMI cohort was more diverse. Rates of ARF (CABG) using multivariable regression analysis of risk
were similar among risk subgroups in the CICSP tree, as was the information available before the procedure [5–17]. Among
overall ranking of subgroups by risk. Using logistic regression, these, some have developed and prospectively validatedindependent predictors of ARF in the QMMI cohort were
risk-stratification systems to categorize patients accord-similar to those found in the CICSP. The CICSP additive sever-
ing to risk of suffering an adverse outcome after cardiacity score performed well in the QMMI cohort, successfully
stratifying patients into low-, medium-, high-, and very high- surgery [7, 10–13, 15, 16]. While some studies have at-
risk groups. tempted to identify risk factors for postoperative ARF
Conclusions. The CICSP preoperative renal-risk algorithms
specifically [18–20], few have had sufficient power toare valid and generalizable across diverse populations.
develop a risk-stratification algorithm specific for this
outcome [4]. Given the scarcity of tools aimed at singling
out patients at high risk of developing ARF after cardiac
surgery, it is important to determine whether existing
methods are valid and generalizable to patient groups
outside those in which the tool was developed.1A list of the members of the Academic Medical Center Consortium
QMMI Working Group appears in the Appendix. Prospective validation of clinical prediction rules—
ideally in a cohort independent of that in which the rulesKey words: mortality post-CABG, cardiovascular risk factors, QMMI
cohort, revascularization, dialysis. were developed—is perhaps the best indicator of how
the rule will perform in new clinical situations [21]. Often
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the performance of such rules is substantially less goodand in revised form November 17, 1999
Accepted for publication January 5, 2000 in a new cohort. In this study, we applied the preopera-
tive renal risk-stratification algorithm recently developedÓ 2000 by the International Society of Nephrology
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by Chertow et al to a large, multicenter independent signed NYHA class status for congestive heart failure,
patient cohort [the Quality Measurement and Manage- not angina. Second, a left-ventricular ejection fraction
ment Initiative (QMMI) cohort] [4].1 Our goals were: of less than 35% before surgery was used as a proxy
(1) to compare the patient mix and clinical characteristics for radiographic evidence of cardiomegaly in the cross-
of the QMMI cohort with those of the Continuous Im- validation study because the QMMI data set did not
provement in Cardiac Surgery Program (CICSP) cohort include information on cardiomegaly. These two latter
on which the renal risk-stratification tool in question was risk factors were directly correlated and were inter-
originally developed; (2) to apply the CICSP recursive changeable as predictors in the original study [4].
partitioning tree and additive severity score to the
QMMI cohort data collectionQMMI cohort; and (3) to assess each tool’s ability to
sort patients into groups based on risk of ARF in the Every patient who underwent CABG with no concom-
QMMI cohort compared with the CICSP. itant valvular or other surgeries at any of the 12 partici-
pating institutions from August 1993 to October 1995
was included in the study. Detailed patient informationMETHODS
was obtained prospectively through patient interviews
Patient population
and retrospectively through medical-record abstraction.
Data collection for the QMMI study took place at 12 The data collected included demographic information,
medical centers. All 12 centers were large tertiary care conditions, and risks prior to the procedure, therapy
centers and were members of the Academic Medical within 48 hours prior to the procedure, last preoperative
Center Consortium, which sponsored the study called labs, use of services and vital statistics during surgery,
the QMMI Coronary Revascularization Project. Patient and postoperative hospital course. Detailed information
enrollment took place from August 1993 to October on QMMI cohort data collection and benchmarking have
1995. Patients enrolled in the study included all patients been reported elsewhere [22].
who underwent CABG not involving concomitant valvu-
lar or other surgery at any of the 12 participating hospi- Analysis
tals. The QMMI cohort included 9498 patients. In order An analysis of potential risk factors for postoperative
to be consistent with the CICSP ARF study cohort, all ARF and development of the CICSP renal risk stratifi-
patients with a baseline preoperative serum creatinine
cation algorithm have been reported elsewhere [4]. In
.3.0 mg/dL were excluded, giving an analytic cohort
this study, we compared the QMMI and CICSP CABG
size of 8,797 patients.
surgery patients with regard to demographic, anthropo-
metric, and preoperative clinical and lab variables andDefinitions
applied the CICSP recursive partitioning tree and addi-The outcome of ARF was defined as an abrupt decline
tive severity score (derived from logistic regression) toin renal function occurring after surgery and before hos-
the QMMI cohort.pital discharge requiring dialysis. The only risk factor
Application of the CICSP recursive partitioning treevariables eligible for entry into the risk stratification al-
to the QMMI data set and evaluation of its performancegorithm were ones that were available preoperatively.
in sorting patients into groups according to the risk ofAnthropometric variables, clinical and laboratory data,
postoperative ARF was done using the following steps.and other preoperative variables considered as potential
First, each variable included in the CICSP renal risk-risk factors in the original analyses are reported else-
stratification algorithm was defined in the same mannerwhere [4]. In applying the CICSP renal risk-stratification
in the QMMI cohort, and suitable proxies were estab-algorithm to the QMMI data set, we were able to repli-
lished for NYHA functional class and cardiomegalycate the risk factor and outcome variable definitions used
(Methods: Definitions section). Second, the CICSP re-in the original study with two exceptions. Because of
cursive partitioning tree was duplicated using the QMMIdifferences in how the data were collected in the QMMI
cohort data by repeatedly dividing patients into binaryand CICSP data sets, two variable substitutions were
subgroups based on the presence or absence of specificmade in the cross-validation study. First, for New York
preoperative risk factors using the SAS statistical pro-Heart Association (NYHA) functional class status (an-
gramming package (version 6.11) [23]. The goal of recur-gina and/or congestive heart failure), a patient was coded
sive partitioning is to create a nonparametric discriminat-as having NYHA functional class I through IV only if
ing tree by dividing patients repeatedly into sub-groups,their NYHA functional class status for congestive heart
with each subgroup ideally representing a group of pa-failure was coded as I through IV in the QMMI data set
tients with or without ARF. Finally, the fraction of pa-and the patient was coded as having angina at rest. This
tients with ARF in each of the subgroups in the tree waswas done because the QMMI data set NYHA functional
class variable definition included only those patients as- calculated and compared with the fraction of patients
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with ARF in that subgroup in the CICSP derivation and For example, if a female patient was missing information
validation cohorts. for age but had weight and serum creatinine information,
In addition to the CICSP recursive partitioning tree, we substituted 66.9 years for age, because this was the
we applied an additive severity score (constructed from average value for this variable among women in the
the CICSP using logistic regression analysis) to the QMMI cohort, and then calculated the estimated creati-
QMMI cohort. While recursive partitioning can be espe- nine clearance. Any other missing data for continuous
cially useful for identifying interactions among variables, variables were handled in the same manner as the cate-
it fails to rank variables by the strength of their associa- gorical data. There were no appreciable differences in
tion [for example, odds ratio (OR)] or the degree of the results of analyses conducted when missing data were
stability or precision (P value). These features afford excluded.
logistic regression an advantage over recursive parti-
tioning when aiming to quantitate the degree of model
RESULTSdiscrimination [that is, area under receiver operating
characteristic (ROC) curve] or calibration. Characteristics of the QMMI cohort
Application of the CICSP additive severity score to Of the 8797 patients from the QMMI cohort included
the QMMI cohort was done in four steps. First, a risk in the analyses, 1.2% developed ARF after CABG com-
score value was assigned to each independent predictor pared with 0.9% of CABG patients in the CICSP cohort
of ARF found in the CICSP study using the original (Table 1 and Fig. 1). Of the QMMI patients, 5.2% were
CICSP ORs, assigning two points to the lowest OR, and 80 years or older (Fig. 2), and 26.1% were female. Re-
converting each successive variable’s OR to the nearest garding preoperative renal function status, 30.6% had
integer point score based on its relative size. Second, a an estimated creatinine clearance ,60 mL/min, while
total (additive) risk score was calculated. Finally, patients 7.0% had an estimated creatinine clearance ,40 mL/
were divided into four risk groups (low, medium, high, min. These values were similar to the preoperative status
and very high) based on their total risk score. This practi- of the CICSP cohort patients (Table 1 and Fig. 3) with
cal (albeit arbitrary) latter categorization had been per- one notable exception: While the CICSP database con-
formed with the CICSP cohort but was not published in tained less than 1% female patients, the QMMI cohort
the original article. contained 26.1% female patients.
Discrimination of the CICSP risk score in the QMMI
cohort was assessed by calculating the area under the Correlates of ARF in the QMMI cohort
ROC curve [24]. Calibration of the CICSP risk score
In addition to comparing preoperative information be-was determined using the Hosmer-Lemeshow goodness-
tween QMMI and CICSP patient cohorts, we performedof-fit test [25]. Correlates of postoperative ARF among
analyses using the QMMI cohort to identify univariatestudy subjects in the QMMI cohort (Table 2) and multi-
correlates of ARF in this patient population. Severalvariable ORs derived from the QMMI cohort (Table 4,
variables were strongly correlated (P , 0.0001) withcolumn 6) are displayed to allow for direct comparison
ARF (Table 2). Intraoperative variables correlated withof ARF risk factors on a variable-by-variable basis. It
postoperative ARF are reported (Table 2), but were notwas not the intention of the investigators to build a new
considered as potential predictors of ARF in the logisticclinical prediction rule using QMMI data.
regression analyses. After entering all univariate corre-Missing data in the QMMI cohort were handled in
lates of ARF in the QMMI cohort into a stepwise logisticthe following three ways. First, for binary variables, any
regression analysis, we found eight variables to be inde-information missing for a patient was coded as absent.
pendently associated with ARF. In descending order ofSecond, missing categorical data were coded as “miss-
strength of association, they were cardiogenic shock, aing,” such that for a variable with four categories, a fifth
history of renal disease, emergent surgical priority, left-category was added for those patients missing informa-
ventricular end diastolic pressure $25 mm Hg, age $70tion on that variable. Third, because the CICSP renal
years, left-main coronary artery stenosis ,70%, esti-risk-stratification algorithm relies heavily on estimated
mated creatinine clearance ,60 mL/min, and a historycreatinine clearance in partitioning patients into risk
of peripheral vascular disease. Other than advanced age,groups, we calculated estimated creatinine clearance for
emergent priority, and advanced left main coronary ar-every patient using the Cockcroft-Gault formula as per-
tery disease, these variables were similar to those identi-formed in the original study. If a patient was missing
fied in the CICSP ARF study [4]. Consequently, we diddata for any of the three required continuous variables
not attempt to construct a new clinical prediction rulefor the formula (age, weight, and serum creatinine), then
using the QMMI cohort data, and instead assessed thewe substituted the average value for the missing variable
performance of the CICSP tools in discriminating out-in the QMMI cohort for that patient’s gender and calcu-
lated the creatinine clearance using the substituted data. comes in the QMMI cohort.
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Table 1. QMMI and CICSP coronary artery bypass patient characteristics
% With risk factor in QMMI cohort % With risk factor in CICSP cohort
ARF No ARF ARF No ARF
Risk factor (N 5 102) (N 5 8695) (N 5 303) (N 5 34571)
Age $80 years 8.8 5.2 1.3 0.6
Female 31.4 26.1 1.0 0.7
Cerebrovascular disease 15.7 10.7 28.1 15.8
Chronic obstructive pulmonary disease 18.6 11.6 33.3 23.9
Current inotrope use 13.7 3.0 15.2 10.5
Current tobacco use 38.2 36.9 36.0 35.8
Diabetes mellitus 35.3 27.9 32.3 25.6
Intravenous nitroglycerine 43.1 27.0 32.3 18.3
Left main coronary artery stenosis .70% 22.6 12.8 22.1 11.5
Left ventricular ejection fraction
$55% 31.7 50.2 38.5 48.9
45–54% 17.1 21.8 23.4 24.9
35–44% 24.4 15.1 20.5 16.6
25–34% 18.3 8.8 11.0 7.6
,25% 8.5 4.2 6.6 1.9
NYHA functional class
I 1.0 2.3 3.3 3.4
II 6.9 7.5 13.0 18.7
III 10.8 10.1 32.0 40.8
IV 54.9 47.2 51.7 37.1
Number of coronary arteries with .50% stenosis
1 5.4 8.5 11.6 13.1
2 19.6 21.9 17.2 22.0
$3 75.0 69.6 71.3 64.8
Peripheral vascular disease 29.4 17.7 38.3 21.7
Prior heart surgery 14.7 10.1 24.4 10.7
Prior myocardial infarction 52.0 47.2 67.1 59.7
On intra-aortic balloon pump prior to surgery 51.0 41.3
Resting angina 51.0 41.3 59.7 50.9
Estimated creatinine clearance mL/min
$100 7.8 19.1 7.6 17.5
80–99 7.8 19.9 14.2 24.4
60–79 31.4 30.7 27.4 32.1
40–59 33.3 23.5 32.3 17.5
,40 19.6 6.8 14.2 3.2
Surgical priority
Elective 34.3 51.5 58.1 72.9
Urgent 46.1 41.7 22.8 20.5
Emergent 19.6 6.8 19.1 6.6
Recursive partitioning analysis analysis in the CICSP study, ORs were similar in the
QMMI cohort (Table 4) with a few exceptions. For theIn applying the CICSP renal risk recursive partitioning
variables valvular surgery and systolic blood pressuretree to the QMMI cohort and partitioning patients into
,120 mm Hg with valvular surgery, no patients in the11 subgroups, as done in the original study, the percent-
QMMI cohort fell into these groups because all under-age risk of ARF by subgroup was quite similar between
went isolated CABG surgery. Therefore, these two vari-the QMMI and CICSP cohorts (Table 3 and Fig. 1).
ables were not included in the QMMI logistic regressionBoth the overall rates of ARF by group and the ordering
analysis. Additionally, an estimated creatinine clearanceof groups from highest to lowest percentage risk of ARF
of 60 to 79 mL/min was more strongly correlated withwere similar between the two studies. Exceptions to this
ARF in the QMMI cohort than in the CICSP cohort,were groups E, F, and K: These subgroups have no pa-
while NYHA class IV functional status and systolic bloodtients in them in the QMMI cohort since the QMMI
pressure $160 mm Hg with CABG were less stronglydatabase excluded patients undergoing concomitant val-
correlated.vular surgery.
On ROC analysis, the CICSP score discriminated well
Logistic regression analysis (area under the ROC curve 0.72) in the QMMI cohort,
and this compared favorably to an area under the ROCIn applying the CICSP additive severity score to the
curve of 0.76 obtained in the original CICSP derivation.QMMI cohort, we found that for each of the 14 indepen-
dent predictors of ARF identified on logistic regression The model was also well calibrated, as indicated by the
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Fig. 1. Classification tree based on recursive
partitioning analysis. The solid boxes repre-
sent risk categories. The letters beside boxes
refer to Table 3. The numbers in bold repre-
sent QMMI cohort percentage risk of ARF
by subgroup; the numbers in parentheses rep-
resent CICSP validation study percentage risk
of ARF by subgroup. Abbreviations are:
CRCL, estimated creatinine clearance; LVEF,
left-ventricular ejection fraction; IABP, intra-
aortic balloon pump, and PVD indicates pe-
ripheral vascular disease. *No patients fell into
these subgroups in the QMMI cohort, because
all valvular surgery patients were excluded
during the initial QMMI data collection.
Fig. 2. Risk of ARF with increasing age. Symbols are: ( ) patients Fig. 3. Risk of ARF with decreasing estimated creatinine clearance.
from the QMMI cohort; (j) patients from the CICSP cohort. Symbols are: ( ) patients from the QMMI cohort; (j) patients from
the CICSP cohort.
nonsignificance of the Hosmer-Lemeshow goodness-of-
DISCUSSIONfit statistic (x2, P 5 0.28). This indicates no significant
discrepancy or bias at varying levels of risk. The graded Clinical tools that can predict ARF after cardiac sur-
gery may be useful in making quality of care compari-increase in the risk of ARF among the four risk catego-
ries (low, medium, high, and very high) is presented in sons, as well as in making clinical decisions for individual
patients. ARF has been found to be strongly associatedTable 5.
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Table 2. Bivariate correlates of ARF in QMMI cohort
Acute renal failure
Characteristic Yes (N 5 102) No (N 5 8695) P value
Demographic information
Age $70 years % 54.9 34.7 0.001
Female % 31.4 26.1 0.226
Ischemic heart disease stage and severity indicators
Cardiogenic shocka % 11.8 1.4 0.001
Congestive heart failure % 33.3 17.2 0.001
CABG within 24 hours of myocardial infarction % 9.8 2.9 0.001
High Charlson comorbidity scoreb % 13.7 5.7 0.001
Angina at rest % 51.0 41.3 0.048
Prior heart surgery % 14.7 9.5 0.075
Cardiac anatomy and function
Left ventricular ejection fraction ,35% % 21.6 10.9 0.001
Moderate to severe mitral valve regurgitation % 11.8 4.7 0.001
Left main coronary artery stenosis .70% % 22.6 12.8 0.003
LVEDP $ 25 mm Hg % 21.6 12.4 0.005
NYHA class IV functional status % 54.9 47.2 0.122
Other conditions and risks prior to procedure
History of renal disease % 11.8 3.2 0.001
Last serum creatinine prior to surgery 2.0 to 3.0 mg/dLc % 9.8 2.0 0.001
Estimated creatinine clearance ,60 mL/mind % 52.9 30.4 0.001
Last hematocrit prior to surgery ,35% % 34.3 19.2 0.001
History of peripheral vascular disease % 29.4 17.7 0.002
History of chronic obstructive pulmonary disease % 18.6 11.6 0.027
History of diabetes % 35.3 27.9 0.097
History of stroke or transient ischemic attack % 15.7 10.7 0.108
Therapy prior to surgery (within 48 hours)
Intra-aortic balloon pump inserted % 19.6 6.7 0.001
Intubated % 8.8 1.3 0.001
Received inotropic drugs % 13.7 3.0 0.001
Received intravenous nitroglycerine % 43.1 27.0 0.001
Received intravenous heparin % 62.8 50.7 0.016
Unsuccessful percutaneous transluminal coronary
angioplasty within 48 hours prior to surgery % 5.9 2.9 0.077
Variables during surgery
Emergent priority % 19.6 6.8 0.001
Balloon pump inserted % 15.7 3.3 0.001
Bypass time .100 minutes % 66.7 53.3 0.007
More than 3 distal anastamoses attempted % 54.9 45.3 0.053
aDefined as systolic blood pressure ,80 requiring treatment with pressors and/or inotropes
bDefined as having a Charlson comorbidity score greater than or equal to 4
cAll patients with baseline serum creatinine of 3.0 mg/dL or more were excluded from the analyses
dEstimated using the Cockcroft-Gault formula [29]
Table 3. Cross-validation of recursive partitioning-derived algorithm in QMMI cohort
Acute renal failure by
subgroup in QMMI cohort % Risk of acute renal failure by group
CICSP cohort CICSP cohort
Subgroup ARF No ARF QMMI cohort validation set derivation set
A 8 182 4.2 3.2 9.5
B 41 5473 0.7 0.7 0.4
C 2 256 0.8 1.4 1.3
D 5 325 1.5 2.5 2.8
E 0 0 a 1.1 0.9
F 0 0 a 4.4 2.1
G 24 1637 1.4 1.4 1.1
H 3 152 1.9 4.9 2.3
I 6 141 4.1 5.9 5.0
J 13 529 2.4 1.6 2.1
K 0 0 a 7.1 6.1
Overall 102 8695 1.2 1.4 1.1
aNo patients fall into these groups in the QMMI cohort because patients undergoing valvular surgery were excluded during initial study data collection
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Table 4. CICSP risk variables, associated odds ratios, and points assigned—Comparison with QMMI
CICSP QMMI
Pointscohort cohort
Odds ratio in using CICSP Odds ratio in
Correlate % CICSP cohort odds ratio QMMI cohort
Creatinine clearance ,40 mL/min 3.6 7.0 5.80 9 5.59
Creatinine clearance 40–59 mL/min 18.3 23.6 3.38 5 3.18
Intra-aortic balloon pump inserted prior to procedure 3.7 6.9 3.19 5 3.34
Systolic blood pressure $160 mm Hg with CABG 9.5 63.4 1.98 3 1.15
Valvular surgery 18.1 0.0 1.98 3 a
Prior heart surgery 12.1 10.2 1.93 3 1.34
Creatinine clearance 60–79 mL/min 31.6 30.7 1.81 3 2.46
NYHA class IV functional status 33.6 47.3 1.55 2 1.12
Peripheral vascular disease 20.3 17.8 1.51 2 1.50
Ejection fraction ,35% 9.4 11.0 1.45 2 1.55
Systolic blood pressure ,120 with valvular surgery 4.0 0.0 1.42 2 a
Pulmonary rates 9.2 17.4 1.37 2 1.52b
Creatinine clearance 80–99 mL/min 23.1 19.8 1.31 2 1.00
Chronic obstructive pulmonary disease 24.3 11.7 1.26 2 1.39
Assigned points were calculated from the OR in the original CICSP cohort. The lowest odds ratio was assigned a score of two, and all other variables were
assigned a score based on each variable’s integer multiple of the lowest OR. Each risk score value was rounded to the nearest integer.
aNo patients fell into these groups in the QMMI cohort because patients undergoing valvular surgery were excluded during initial study data collection
bThe presence of congestive heart failure was used as a proxy for pulmonary rales in the QMMI cohort, because the presence of pulmonary rales was not specifically
reported in the QMMI database
Table 5. Performance of the CICSP logistic regression-derived cohort to predict ARF after coronary bypass or valvular
points score
heart surgery to the QMMI data set, a large, multi-insti-
ARF in No ARF in tutional patient cohort collected from 1993 to 1995. The
QMMI cohort QMMI cohort largest difference between the CICSP and QMMI co-
Risk group N (%) horts was that 26% of the QMMI patients were women,
Low risk while women comprised only 1% of the CICSP cohort.
(0 to 5 points) 17 (0.5) 3400 (99.5) Another difference was that while 18% of the patients
Medium risk
in the CICSP cohort underwent valvular heart surgery,(6 to 10 points) 31 (0.9) 3600 (99.1)
High risk the QMMI data set included only patients undergoing
(11 to 15 points) 43 (2.9) 1431 (97.1) isolated CABG.
Very high risk
Despite these important differences between the CICSP(16 or more points) 11 (4.0) 264 (96.0)
and QMMI patient populations, when the two CICSP
risk-stratification algorithms were applied to the QMMI
cohort, we found that they performed well in discriminat-
with mortality even after controlling for other risk factors ing for development of ARF. The CICSP recursive parti-
[26], and tools that predict the risk of ARF after surgery tioning tree sorted the QMMI cohort into risk groups
have the potential to help improve outcomes in this sub- that had both similar absolute levels of risk of ARF in
set of patients. The CICSP risk-stratification algorithms each group as well as a similar overall ordering of the
were developed and validated using a large cohort of groups by level of risk. The CICSP additive severity
patients from 43 Department of Veterans Affairs medi- score also performed well in discriminating ARF risk.
cal centers from 1987 to 1994 [4]. The risk-stratification This study has several limitations. All patients who
algorithms performed well in their own prospective vali- underwent valvular heart surgery at any of the 12 QMMI
dation, but had not previously been applied to indepen- institutions during the study period were excluded from
dent, non-VA populations, and the initial populations the QMMI cohort. While this decision made the QMMI
included few women. Cross-validation studies are ex- cohort more homogeneous, the CICSP score was devel-
tremely important, since prediction instruments devel- oped on both CABG and valvular surgery patients, and
oped and validated at certain institutions or in specific this cross-validation study was not able to test how well
populations may perform less well when applied to di- the CICSP tools perform in patients undergoing valvular
verse clinical settings [21, 27]. If such instruments are surgery. Second, some data were missing from the QMMI
used for quality-of-care comparisons across groups or as data set. Although missing binary variables were set to
an aid to improving patient management, it is important “not present,” allowing us to retain patients who other-
to assess their validity in other contexts. wise would have been dropped from the analyses, this
In this study, we applied the two clinical prediction action may have made the QMMI population look
slightly less sick than in reality. In addition, we did nottools developed and validated using the CICSP patient
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sylvania Health System); and Edgar Black (University of Rochestercollect data on several risk factors included in the CICSP
Medical Center). (2) Cardiac surgeons: William Nugent, Chair (Dart-
algorithms, including cardiomegaly, NYHA class IV an- mouth-Hitchcock Medical Center); Michael McFadden (Alton Ochsner
Medical Institutions); David Adams (Brigham and Women’s Hospital);gina status, and pulmonary rales. While we established
Peter Smith (Duke University Medical Center); Scott Stuart, M.D.reasonable proxies for these variables, the true variables
(Johns Hopkins Hospital); David Torchiana (Massachusetts General
might have allowed the CICSP scores to perform better Hospital); Richard Daly and Christopher McGregor (Mayo Founda-
tion); Douglas Payne (New England Medical Center); Davis Drinkwaterwhen applied to the QMMI cohort. Even though model
(UCLA Medical Center); Nicholas Rossi (University of Iowa Hospitalsdiscrimination was very good, the risk of ARF requiring
and Clinics); Joseph Bavaria (University of Pennsylvania Health Sys-
dialysis is relatively low, and patients at .10% or .25% tem); and George Hicks (University of Rochester Medical Center).
risk could not be identified. This may reflect selection
bias on the part of physicians and surgeons (that is, REFERENCES
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